ABSTRACT Community detection has become a hot topic in complex networks. It plays an important role in information recommendation and public opinion control. Bipartite network, as a special complex network, reflects the characteristics of a kind of network in our life truly and objectively. Therefore, detecting community structure in bipartite networks is of great significance and has practical value. In this paper, we first introduce two concepts: a) a micro-bipartite network model Bi-EgoNet which can be used to analyze bipartite network from a micro view to reduce the complexity of structure in bipartite networks, and b) a complete bipartite graph that is a special bipartite graph with the indivisible property. Then, we propose a novel overlapping community detection algorithm based on a complete bipartite graph in micro-bipartite network Bi-EgoNet (CBG&BEN), which combines advantages of both a complete bipartite graph and Bi-EgoNet to get an optimal community structure. The CBG&BEN is evaluated on accuracy and effectiveness in several synthetic and real-world bipartite networks. The CBG&BEN is compared with other excellent existing algorithms, and our experimental results demonstrated that CBG&BEN is better at detecting overlapping community structure in bipartite networks.
I. INTRODUCTION
In real world, many network systems can be seen as complex networks, such as scientific collaboration networks [1] , [27] , city transportation networks [2] , social networks [3] , metabolic networks [4] , actor-film networks [5] , etc. As a significant feature of complex networks, community structure is very important for us to study the functional characteristics of real complex systems, the application of personalized recommendation and the epidemic disease diffusion model [42] etc. Thus, the research on community detecting algorithms has attracted extensive attention. The representative methods such as using neighborhood [33] , maximal sub-graph [35] , intimate degree [34] , core-vertices [36] etc.
The associate editor coordinating the review of this manuscript and approving it for publication was Kun Wang. are proposed. However, all these methods are only suitable for one-mode networks. Bipartite network is a special complex network consisting of two types of nodes and its edges only exist between two different classifies nodes. Bipartite networks contain more complex relationships, structures and implicit information than one-mode networks. Thus, detecting community structure in bipartite networks has become a topic worth studying.
In bipartite networks, many community detection algorithms [14] - [17] have been proposed. These algorithms can be classified into two types. The first one is one-mode projection [6] - [8] . The advantage of this type of methods is having low time complexity. However, a serious shortcoming of these methods is losing some original structure information and adding some extra structure information in the processes of projecting, resulting the reduction of the accuracy of community detection. The other type of algorithms address bipartite networks directly [9] - [11] . Although these methods have high time complexity, the advantage of maximizing the retention of network's original structure information makes them become a better choice. Both of the two types of methods can effectively detect community structure from a macro perspective. However, some microscopic features between nodes of bipartite networks are ignored.
EgoNet, a micro one-mode network model, consists of a single node, neighbor nodes of the single node and edges between these nodes. The single node is called Ego, each neighbor node of the single node is called Alter, and any network consists of one or more EgoNets. Gupta et al. [12] prove that with EgoNet can analyze complex networks more accurately by experimental comparison and mathematical derivation. Many works [13] , [29] - [31] have verified that EgoNet is possible to detect high quality community structure. Inspired by EgoNet, we extended micro-one-mode network model EgoNet to micro-bipartite network model Bi-EgoNet. The Ego is extended to bi-Ego which consists of a node pair. And the Alter is extended to bi-Alter which is also a node pair. The bi-Alter represents a neighbor node pair of bi-Ego. A Bi-EgoNet consists of a bi-Ego, the bi-Alter set of bi-Ego and edges between these node pairs. The sample of Bi-EgoNet is shown in Figure 1 .
Any bipartite network is represented as a bipartite graph. Complete bipartite graph is a special case of bipartite graph where each node in one set is connected to all nodes in the other set. As an important property, the indivisibility of a complete bipartite network satisfies that every node in the complete bipartite graph belongs to the same community. Figure 2 shows a sample of complete bipartite graph.
In this paper, we design a novel CBG&BEN algorithm, which combines the advantages of both complete bipartite graph and Bi-EgoNet, to detect overlapping community structure from a micro view in bipartite networks. Figure 3 illustrates the process of extracting complete bipartite graphs from a Bi-EgoNet. Figure 3 (a) shows a Bi-EgoNet. It contains two types of nodes (A1, A2, A3, A4) and (B1, B2, B3, B4) where the red node pair (A1, B1) represents Bi-Ego. In Figure 3 (b), we extracted four basic complete bipartite graphs as bi-Ego-centric in the Bi-EgoNet, namely (A1, B1, A2, B3), (A1, B1, A3, B2), (A1, B1, A2, B2) and (A1, B1, B4). Finally, we merged these basic complete bipartite graphs according to some rules and got the local bipartite community set. Figure 3 (c) shows all local bipartite communities in the Bi-EgoNet. If existing nodes do not belong to any local community community in the bipartite network, then the node is a bifurcation node and will be handled at the end of CBG&BEN.
In this work, our main contributions are shown as follows: 1) A micro-bipartite network model Bi-EgoNet is introduced. It extends micro-one-mode network model EgoNet to micro-bipartite network model Bi-EgoNet. It opens a new view for processing bipartite networks, and it also reduces the complexity of relationship and structure in bipartite networks effectively. 2) A novel algorithm CBG&BEN is proposed. It combines the advantages of complete bipartite graph and Bi-EgoNet while obtaining overlapping community structure in bipartite networks. It can maximize the retention of the original structural information and improve the accuracy of community detection. 3) A modularity evaluation method EQ b is presented.
EQ b which extends the non-overlapping community modularity evaluation method Q b can be used to evaluate modularity of the overlapping community structure in bipartite networks. The rest of this paper is organized as follows. Section II introduces some relevant methods of community detection for bipartite networks. Some key definitions, the description of CBG&BEN, and complexity analysis are introduced in Section III. In Section IV, three evaluation criterias NMI, EQ b , and Density are introduced. Some synthetic and real-world networks are used to validate the effectiveness and accuracy of CBG&BEN in Section V. We conclude our work in Section VI.
II. RELATED WORK
Many research work [24] , [49] , [50] have been done in networks, related work of community detecting in complex networks span two types of methods: community detection algorithms in one-mode networks and in bipartite networks.
A. COMMUNITY DETECTION ALGORITHMS IN ONE-MODE NETWORKS
A one-mode network is a traditional complete networks which contains one type of nodes. Many popularity algorithms are proposed. Such as Cui et al. [37] projected an original bipartite network into two weighted one-mode networks based on the bipartite clustering triangular, then detected one-mode community structure in the two weighted one-mode networks. They also proposed another alternate algorithm [38] , it extracted all maximal sub-graphs from original networks and then merged them using the clustering coefficient. Meanwhile, they also extended a new modularity to evaluate the quality of the proposed algorithm. Eustace et al. [40] calculated the approximation by subspace factorization of the topic related web pages. And then they proposed an algorithm to approximate web communities from the topic related web pages. Li et al. [41] proposed a unique algorithm to detect overlapping community structure in un-weighted and weighted networks. It extracted all the maximal cliques by deep and bread searching method, then community structure can be obtained by some given rules. They also proposed the other overlapping community detecting algorithm EM-BOAD [39] . All the seed communities were first extracted in weighted one-mode networks, then more community members were absorbed using the absorbing degree function to each seed community. Finally, overlapping community structure was obtained. Some community detection algorihtms also have been proposed using EgoNet. For example, Epasto et al. [13] proposed an Ego-splitting Framework for detecting overlapping community by using EgoNet. Rees and Gallagher [29] presented a community detection algorithm that could discover overlapping community by aggregating friendship groups of the ego-nets. EgoLP proposed by Buzun et al. [31] utilized the LPA method by employing the concept of ''egomunity'' to detect local communities of an ego-net. All these methods are applied to one-mode networks, and they also can be extended to bipartite networks by one-mode projecting to detect community structure.
B. COMMUNITY DETECTION ALGORITHMS IN BIPARTITE NETWORKS
Community detecting algorithms in bipartite networks contain two types: one-mode projecting and addressing bipartite network directly.
1) ONE-MODE PROJECTION
One-mode projection converts a bipartite network into one-mode network by projecting to achieve community detection. And one-mode projection methods are classified into two types of methods: unweighted projection and weighted projection. The unweighted projection method is the simplest and most classical method to analyze bipartite networks. Such as Comar et al. [14] presented a framework that identifies community structure simultaneously across different bipartite networks. The results showed that this method has the advantages of fast convergence and strong expansibility. Lehmann et al. [6] presented a method based on extension of the k-clique community detection algorithm to detect overlapping bipartite community structure. However, the limitations of these methods are losing some original structure information and adding some non-original structure information. For the limitations of unweighted projection, weighted projection methods are proposed. For example, Zhang and Ahn [7] proposed a weighted symmetric binary matrix factorization (wSBMF) to detect overlapping communities. Zhou et al. [8] extended Louvain algorithm to Bi-Louvain algorithm, and proposed a two-stage method for detecting community structure in bipartite networks. Pesantez and Kalyanaraman [32] also extended one-mode community detecting algorithm Louvain to biological bipartite network, and proposed an efficient algorithm biLouvain that is a set of efficient heuristics to compute bipartite communities. Wu et al. [15] were inspired by the network-based information exchange dynamics and proposed a uniform framework of projection called IERCP. It can be designed to detect community structure of bipartite networks. Weighted projection can solve the problems of information loss and inaccuracy caused by unweighted projection to some extent; because, the effect of community detection depends on the weight dramatically.
2) ADDRESSING BIPARTITE NETWORKS DIRECTLY
Compared with the one-mode projection methods, these methods addressing bipartite networks directly keep the original information structure to the maximum extent. Such as Du et al. [9] proposed a method called BiTechor to discover overlapping communities in large sparse bipartite networks. The main idea is that it expands each highly overlapping clustering core until each vertex belongs to at least one community. Yang et al. [10] developed a novel overlapping community detection method based on the connectivity structure of communities and the use of edge directedness. Cui and Wang [16] introduced the key bi-community and free node concept, and proposed an algorithm to detect overlapping community structure in bipartite networks. Based on this method. Wang and Qin [11] defined two parameters for the relationships between the same type nodes and heterogeneous nodes. Then, sub-communities were obtained by finding and expanding the core communities. Last, global communities were found by a certain merging rule. Feng et al. [17] combined singular value decomposition (SVD) and BRIM algorithm, and proposed a new method to detect community structure. Chen et al. [28] presented a novel approach to community detection that utilizes a nonnegative matrix factorization (NMF) model to divide overlapping communities from one-mode and bipartite networks.
Both the above two types of methods of bipartite networks can detect community structure from a macro perspective. However, they invariably miss microscopic features between nodes of bipartite networks. CBG&BEN proposed in this paper detects overlapping community structure in bipartite networks from a new perspective-a micro perspective. It can effectively grasp the microscope features of bipartite network. Meanwhile, EQ b proposed in this paper also accurately evaluates the modularity of overlapping community than Q b in bipartite network.
III. OVERLAPPING COMMUNITY DISCOVERY USING COMPLETE BIPARTITE GRAPHS (CBG&BEN)
The purpose of community detection is to obtain high quality community structure. To achieve the goal, we proposed a novel overlapping community detection algorithm CBG&BEN which combines the advantages of both a complete bipartite graph and Bi-EgoNet.
A. THE KEY DEFINITIONS
In a bipartite network G(U, V, E) (U ∩ V = ∅, m * n = 0), U and V represent node sets of two types, respectively. m is the number of nodes in U, n is the number of nodes in V, and E represents the set of edges. 
Given a bipartite network G(U, V, E), NeiNP(u, v) represents the neighbor node pair set of (u, v). Figure 1 shows a sample of micro-bipartite network Bi-EgoNet.
e: DEFINITION 5 G |U ||V | is a basic complete bipartite graph. Any complete bipartite graph consists of one or more basic complete bipartite graphs. The set of basic complete bipartite graphs is shown in Figure 4 . f: DEFINITION 6 Given a bipartite network G(U, V, E), CN represents the number of common nodes between two sets S i and S j . It can be represented by
g: DEFINITION 7 Given two bipartite networks G(U i , V i , E i ) and G(U j , V j , E j ), Similarity represents the similarity level of the two bipartite networks. The formula of Similarity degree is shown as formula (7).
VOLUME 7, 2019 h: DEFINITION 8 Given a bipartite network G(U, V, E), the bifurcation node represents a node which does not belong to any complete bipartite graph. The bifurcation node set can be represented as BF.
B. DESCRIPTION OF CBG&BEN
According to the above definitions, CBG&BEN is descripted in detail. Figure 5 shows the flow diagram of proposed algorithm. It consists of three stages: extracting local bipartite community set, extracting Global bipartite community set, and distributing bifurcation nodes. Stage 1 mainly constructs Bi-EgoNet for each node pair in G(U, V, E), and then extracts local bipartite community set LBC from all Bi-EgoNets. The detailed steps are shown as Algorithm 1. Stage 3 mainly collects bifurcation node set BF and distributes each node in BF to corresponding global bi-community GBC. Detailed steps are shown as Algorithm 3.
Algorithm 1 Extracting local bipartite community set LBC

C. COMPLEXITY ANALYSIS
CBG&BEN is proposed for detecting overlapping community structure in bipartite networks. The proposed algorithm has three stages. The first stage is that complete bipartite graphs are extracted. The computation time taken for finding the neighboring node pairs for each node and constructing Bi-EgoNet for each node pair is O(mn(m+n)). Then local bipartite communities are extracted from these Bi-EgoNets. The computation time it takes is O((mn) 2 ). The second stage is that T communities in the bipartite network are got by merging these complete bipartite graphs.
So the computational complexity of this stage is O((mn) 2 ).
It can take at most O(mnT). The last stage is extracting bifurcation nodes and distributing these bifurcation nodes corresponding communities. It costs about O((m+n)T). T is far less than mn, Thus the cost time is negligible. So the worst time complexity of CBG&BEN is O((mn) 2 ).
IV. ASSESSMENT CRITERIAS
In this paper, NMI [18] , EQ b and Density [19] are used to evaluate the quality of community structure. NMI is designed to evaluate the similarity between real community structure and the detected community structure. EQ b and Density are used to measure structural strength of the detected community structure.
A. NORMALIZED MUTUAL INFORMATION INDEX
Lancichinetti et al. [18] extended the traditional normalization of variation of information to evaluate the overlapping community partition. The method compares the experiment result to the standard partition, and the higher the value of NMI, the more similar with the standard partition.
Given two covers X and Y, they are matrices of cluster membership. NMI is shown in formula (8) . The value range of NMI is 0 to 1.
where, H(X) is the information entropy of community X. It is only related to the number of nodes in the community and the number of summary points. H(X|Y) is conditional entropy. It represents the degree of difference between community X and Y. If X and Y are exactly the same, then H(X|Y) is 0.
Otherwise it is greater than 0.
B. EXTENDED MODULARITY OF BIPARTITE NETWORK
The modularity is used to measure the goodness of a partition of the network. Given a bipartite network G(U, V, E) and a partition C, the modularity proposed by Barber [20] can be formalized as formula (9):
However, for most networks, a node may belong to multiple communities. So δ i,c needs to be extended to a belonging coefficient ψ i,c , which reflects how much the node i belongs to the community c. The idea of the belonging coefficient was proposed by Sen et al. [21] . So we extended bipartite modularity Q b with the belonging coefficient ψ ic . The formula EQ b is shown as follows.
where M is the total number of edges, c is a community in the partition C. |U| is the number of U type of node. |V| is the number of V type of node. A ij is a adjacency matrix element.
If there is an edge between the node i and j, then A ij = 1. Otherwise A ij = 0. d i is the degree of the node i.
C. BIPARTITE PARTITION DENSITY
Li et al. [19] proposed a new quantitative function called bipartite partition density for community structure in bipartite networks. The function of bipartite partition density Density is defined as formula (11):
where M is the number of edges. C represents the community partition of a bipartite network. M c is the number of edges in sub bi-community c. And |LU c | indicates the number of type node in sub bi-community c. The bipartite partition density can be used in overlapping community structure.
V. EXPERIMENTAL RESULTS AND ANALYSIS
We evaluated the accuracy and effectiveness of CBG&BEN on several synthetic and real-world bipartite networks. And CBG&BEN was compared with two classical algorithms Cui's method and Wang's method by NMI, EQ b and Density. And these algorithms were implemented using the Java programming language on a personal computer with a 2.5 GHz processor, 8.0 GB of memory, and the Windows 10 operating system.
A. EXPERIMENTS ON SYNTHETIC NETWORKS
We used different synthetic networks to illustrate the accuracy of CBG&BEN. Synthetic network generation model is VOLUME 7, 2019 proposed by Larremore et al. [22] . The related parameters of the model are shown in Table 1 . And each synthetic network consists of four communities, which have the equal number of nodes. Each community is made up of U type nodes and V type nodes. And the mixing parameter λ takes values from 0 (all noise) to 1 (no noise).
In our experiments, we chose synthetic networks with 256 nodes, λ fluctuates between 0.1 and 1, and the average degree is 4. Each synthetic network has 128 U type nodes and 128 V type nodes. CBG&BEN, Cui's method and Wang's method are evaluated on these synthetic networks. The NMI results of these methods on synthetic networks are shown in Figure 6 . It is obvious that the values of NMI for CBG&BEN are higher than those of the other two methods when λ is greater than or equal to 0.5. This demonstrates that community structure detected by our algorithm is closer to the real community partition. And we also found that all the three methods have difficulties to detect community structure effectively when λ is lower than 0.5.
We also compared NMI of CBG&BEN in synthetic networks with different N (N=64, 128, 256) and λ (λ is between 0.5 to 1) (shown in Figure 7) . It is clear that with the increase in the number of nodes in synthetic networks the value of NMI of CBG&BEN also increases gradually. 
B. EXPERIMENTS ON REAL-WORLD BIPARTITE NETWORKS
To further verify the effectiveness and accuracy of CBG&BEN, we evaluated CBG&BEN on 11 real-world bipartite network datasets coming from different domains. Table 2 shows the detailed information in detailed of these bipartite networks. Where, |E| is the number of edges and <k> represents the average degree.
We used the example of the southern women network to explain experimental results in detail. The south women network (called SW) can be seen as a benchmark bipartite network. It consists of 18 southern women, 14 social events and 89 edges. The bipartite network is divided into two communities. One community consists of women from A1 to A9 and social events from B1 to B8. The other community is composed by women from A10 to A18 and social events from B9 to B14.
In algorithm CBG&BEN, we obtained two communities (shown in Figure 8 ): {(A1,A2 A3, A4, A5, A6, A7, A8, A9, A10), (B1, B2, B3, B4, B5, B6, B7, B8)} and {(A10, A11, A12, A13, A14, A15, A16, A17, A18), (B9, B10, B11, B12, B13, B14)}, respectively. The node A10 is an overlapping node. In Figure 8 , we can clearly see that A10 is connected to four nodes: B7, B8, B9 and B12, respectively. B7 and B8 belong to the first community which consists of FIGURE 8. The partition result on the Southern Women Network by CBG&BEN. These red nodes belong to one community and these green nodes belong to the other community. And the yellow node is overlapping node. red nodes. Meanwhile, B9 and B12 belong to the second community which consists of green nodes. It is really hard to decide which community A10 belongs to.
We also executed Cui's method and Wang's method in SW. Cui's method obtains 2 communities: {(A1, A2, A3, A4, A5, A6, A7, A8, A9, A10, A11, A17, A18), (B1, B2, B3, B4, B5, B6, B7, B8, B9)}, {(A11, A12, A13, A14, A15, A16, A17, A18), (B10, B11, B12, B13, B14)}, respectively. Wang's method obtains 4 communities: {(A1, A2, A3, A4, A5, A6), (B1, B2, B3, B4, B5, B6)}, {(A7, A9, A10), (B7, B8)}, {(A8, A16, A17, A18), (B9, B11)} and {(A11, A12, A13, A14, A15), (B10, B12, B13, B14)}, respectively. The experimental results in another 10 real-world networks are shown in Figure 9 and Table 4 . In Figure 9 , it is easy to see that CBG&BEN can detect overlapping community structure effectively in these 10 real-world networks. However, Cui's method fails to detect community structure in D-US and AR. The main reason is that there exists one type of community with only one node in D-US and AR. However, in Cui's method, if there is only one node in a community, the node and its neighbors are free nodes. Free node means it doesn't belong to any community. This is the reason that Cui's method is difficult to detect community structure in D-US and AR. Wang's method is also unable to detect community structure in GP. Wang's method is not flexible in parameters setting, which makes Wang's method difficult to adapt to networks which have different relational density. We also calculated the average overlapping ratio of overlapping nodes in each algorithm. It is well known that the less the number of overlapping nodes, the better the quality of community However EQ b (Figure 9(a) ) and Density (Figure 9(b) ) of CBG&BEN are higher than those of Cui's and Wang's method.
The experimental results of Density and EQ b in the three methods are shown in Figure 9 . Therefore, we can conclude that the micro bipartite network model Bi-EgoNet is a well-designed model, and overlapping community structure of a bipartite network is easy to be captured using the CBG&BEN algorithm.
VI. CONCLUSION
In this paper, we presented a micro-bipartite network model Bi-EgoNet. It can address bipartite networks effectively from a micro view. Besides we proposed a novel algorithm CBG&BEN, which combines the advantages of both complete bipartite graph and Bi-EgoNet to obtain optimal community structure. Last we extended the modularity measure method of Q b to EQ b to evaluate modularity of overlapping community structure in bipartite networks.
CBG&BEN was evaluated on both synthetic and real-world networks and was compared with Cui's method and Wang's method. Experimental results demonstrated that CBG&BEN was capable of revealing community structure with larger NMI, EQ b and Density in both synthetic and real networks than existing methods. In the future, we will prove the property of Bi-EgoNet in theory. Moreover, we plan to address more associated problems with bipartite networks by Bi-EgoNet. University, Tokyo, Japan. His current research explores the reliability, security, and scalability of various interconnected systems ranging from the high-performance computing system to resource-constrained wireless sensor networks to dynamically evolving social networks.
